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Abstract
Cercospora janseana is the causative agent of narrow brown leaf spot (NBLS). Effort
had been undertaken since the 1940’s to control this disease through resistance breeding in the
Southern United States. However, a severe epidemic of NBLS in 2006 inspired renewed focus on
managing this disease. One tool for managing this disease has been identified among resistant
cultivars, the CRSP-2.1 resistance locus to NBLS. One thing limiting the investment and
deployment of CRSP-2.1, and other unknown resistance genes, is the historical observation that
resistance to NBLS rapidly breaks-down in the field. Together, the rapid breakdown of resistance
to NBLS and the recent epidemic of the disease generates the desire to understand and
characterize the pathogen populations that are causing disease. To do this, we sampled C.
janseana exhibiting NBLS from necrotic, foliar lesions on rice. Beaumont, Texas and Crowley,
Louisiana were sampled in 2019 and 2020 with the inclusion of a ratoon (second) crop from
Crowley in 2020. A population genetic approach was utilized to characterize population structure
and diversity of C. janseana in the southern United States. A reference genome was developed
and whole genome resequencing was conducted on 136 isolates among the sampling
populations. Two lineages of C. janseana were identified, with the lineage NA1 being dominant
(85%) among all sampling populations. Members from both lineages were identified in each
state and year sampled. Migration between states appeared high as FST values were moderately
low between sampling populations and was only high between lineages (0.63). Modes-ofreproduction were determined among lineages as the teleomorph had been reported but has not
been recently observed. NA1 has strong signatures of recent or ongoing sexual reproduction
based on linkage decay, index of association, and pairwise-homoplasy index results. NA2
showed strong signatures of clonality.
iii

Chapter I. Introduction and Literature Review
1.1. Rice Cultivation
Since the advent of the modern agricultural society, much effort has been given to
growing, maintaining, and improving staple crops around the world. Over time these staple crops
have become the host to devastating and specialized pathogens. Diseases caused by plant
pathogens have detrimental effects directly on their host, such as reducing or entirely preventing
yield, or indirect effects such as the economic loss to farmers or famine for the would-be plant
consumers. Therefore, significant effort must be given to not only improve crop defenses against
disease, but also to understand the pathogen populations that are constantly generating disease.
Rice (Oryza sativa) is one of the world’s most important staple crops. The story of rice
becoming a staple crop is one that is over 8,000 years old1. The two major lineages of Oryza
sativa, indica and japonica, can have their roots traced back over 2,000 years as a fierce debate
still continues over where the domestication of rice first occurred in Asia. By studying genes
related to domestication, evidence appears that supports a shared domestication history, although
it is observed that several of the genes related to domestication originate in japonica1. This
lineage represents the main species of cultivated rice (Oryza sativa) while another, lessercultivated, species of rice, Oryza glaberrima, was domesticated separately in Western Africa2.
Regardless of its domestication, the history of rice is one that has served to shape the modern
human society as a vital nutritional source for Asian countries and beyond.
Currently, with the production of rice grain reaching approximately half a billion tons per
year, rice represents an integral source of sustenance for modern humans3. Optimal environments
for rice cultivation typically involve copious access to water, high daytime temperatures, cool
1

nights, smooth farmland to facilitate even flooding and drainage, and a subsoil hard-pan that
inhibits the water flow downward through the rice bed4. Rice trade is currently dominated
worldwide by the long-grain indica variety which represents 75% of the global rice trade,
whereas aromatic, japonica, and other varieties represent 16-18%, 5-6%, and 2-3% of trade,
respectively4. These varieties can be found growing across the globe from 55°N in China to 36°S
in Chile2.
Rice production in the United States is led by long-grain japonica varieties which
dominate production (~75%) followed by medium-grain varieties (~24%) while short-grain
varieties make up the smallest sector (~1%)4. Nearly all the US rice production comes from the
Lower Mississippi River Basin and Gulf Coast region, with the only exception being in the
Sacramento Valley of California. California is where nearly all the US short-grain rice is grown,
while the dominant percentage of production (75%) in this region is medium-grain. The
production of rice in the lower Mississippi River Basin is dominated by long-grain rice in
Arkansas, which produces nearly half of the country’s rice (57-58% of the long grain crop).
Arkansas is followed in this region by Louisiana, Missouri, and Mississippi4. The Gulf Coast
region is located in southwest Louisiana and southeast Texas and is notable for permitting a
second harvest, or ‘ratoon crop’, due to a prolonged growing season. According to the United
States Department of Agriculture’s National Agricultural Statistics Service, the United States
harvested nearly 23 billion pounds of rice in the year 2020.

1.2. Rice Diseases
With the population expansion humans are experiencing, significant effort is given
throughout the world to try to increase the total amount of food produced. One of the most
2

important ways to achieve this is to minimize or eliminate the loss of food production due to
pests and pathogens. This is particularly relevant to rice, which receives the largest yield loss
estimates of all staples crops from pests and pathogens across the globe (24.6-40.9%)5.
There are many globally important fungi that parasitize rice. One of the most important
diseases of rice is rice blast, which is caused by the fungal pathogen Magnaporthe oryzae. Rice
blast can be found in all rice growing regions and is responsible for approximately 30% of rice
production losses globally6. Two other major global pathogens of rice are Rhizoctonia solani,
causing sheath blight, and Bipolaris oryzae, causing brown spot, both of which are responsible
for global yield losses >1%5. Emerging on the list of globally important fungal pathogens of rice
is Cercospora janseana, which causes the disease narrow brown leaf spot (NBLS).
C. janseana was originally associated with rice leaves by the independent observations of
Raciborski in 1900 and Metcalf in 1906. The pathogen itself was first reported in Japan by the
pathologist Miyake in 1910. Later in Japan during the year 1946, the teleomorphic stage
Sphaerulina oryzina was discovered on overwintering rice leaves exhibiting NBLS symptoms7.
Mature perithecia had their ascospores isolated and inoculated onto healthy rice tissue which
later produced conidia resembling C. janseana.
The infection strategy of C. janseana is well hypothesized yet not well verified. C.
janseana infects its host using conidia. Conidial germination requires high humidity and
temperatures at 20-28 °C, while germ tube growth is optimal at 32 °C8. Germ tubes exhibit
positive tropism towards the stomata and form appressoria at or adjacent to the stomata9.
Disease symptoms depend heavily on the age of the plant; plants inoculated in the heading stage
become more diseased than plants inoculated at the pre-heading stage8. Initially, lower leaves
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express disease symptoms while the upper leaves delay symptom expression for 7 to 66 days
after lower leaf expression, depending on its age at inoculation.
Symptoms of the disease can vary heavily depending on environment, host resistance,
and plant maturity. Symptoms typically include short (~2–10 mm), linear brown lesions
predominately on the leaf blades10. Typically accompanying leaf lesions are net-blotch lesions
forming on the sheath. On the leaves of resistant varieties, lesions appear shorter, narrower, and a
darker brown. On the leaves of susceptible varieties, lesions appear wider and a lighter brown
color and are commonly accompanied by gray necrotic spots at the center of the lesion.

1.3. Host-Parasite Interactions
It is thought that the hemibiotrophic nature of the fungus results in early biotrophic
parasitism of its host in order to facilitate nutrient acquisition and colonization; while later stages
of its lifecycle involve necrotrophic parasitism, where the use of the host’s own immune system
as well as virulence factors allows for the acquisition of nutrition via necrotic host tissue.
Generating resistance that is effective in the biotrophic stage is especially important as
transitioning out of this phase is essential to the pathogen’s fitness and, in theory, begins the
most detrimental stage to the host. Many requirements within this host-parasite interaction must
be met for pathogenesis to be successful.
The defense response system in plants has long been thought of as a two-part system11,12.
The result of pathogenic fungal interactions with their host were historically thought of to either
produce a pathogen-associated molecular pattern (PAMP) triggered immunity (PTI) or effector
triggered immunity (ETI). PTI is caused by sensing pathogen/microbe associated molecular
patterns (PAMP/MAMP), such as chitin, or damage associated molecular patterns (DAMP) from
4

the host caused by the microbe. This is done through pattern recognition receptors (PRRs)
located on the extracellular surface of the host13. PRRs come in two types. The most prominent is
a receptor-like kinase (RLK) containing an extracellular domain (ECD), a single-pass
transmembrane (TM) domain, and an intracellular kinase domain. Alternatively, there are
receptor-like proteins (RLPs) which contain an ECD and TM domain but lack an obvious
intracellular kinase signaling domain. RLPs typically work in close association with RLKs to
make use of their signaling domain. Both RLP and RLK activation serve to elicit downstream
immune responses typically through mitogen-activated protein (MAP) kinase signaling
pathways13.
Due to the selective advantage presented to an invading pathogen if they are able to avoid
PTI, fungal and bacterial pathogens alike have developed highly specialized and often
multifunctional effector proteins to try to avoid and disarm PTI12–15. Effector proteins are
typically small in size, cysteine rich, containing no transmembrane domains, and have a secretion
signal16. They can further be predicted to be secreted into the apoplastic space or directly into the
plant cytoplasm17. Effectors carry out a diverse array of functions to avoid immune detection,
such as Avr4 in Cladosporium fulvum which sequesters chitin and HopAI1 in Pseudomonas
syringae which suppresses MAP kinase signaling18,19.
Recently, it’s been observed that effector genes are subjected to rapid evolutionary
effects such as: repeat induced point mutations, horizontal gene transfer, chromosomal
translocations, and hybridization20–22. Perhaps the most notable effect contributing to the
evolution of effector genes is their location relevant to transposable elements, which produce
local effects via repeat induced point mutations during premeiotic development. These processes
come together to provide many developmental outcomes which leads to a mosaic of phenotypes.
5

This mosaic of effectors, when confronted by selection, produces detectable presence-absence
variation throughout the population as translocation, duplication, deletion, neofunctionalization,
and pseudogenization occur. This gives the pathogen population access to an armament of
conserved and novel effectors that can change radically from generation to generation20.
The second layer of the plant immune system focuses on overcoming these microbial
effectors. Intracellular nucleotide-binding domain, leucine-rich-repeat-containing receptors
(NLRs) are responsible for eliciting an immune response from pathogen derived effectors23,24.
These NLRs contain either a coiled-coil (CC) domain or a Toll/interleukin-1 receptor (TIR)
domain at the N-terminus. However, recent advancements in the understanding of plant immune
systems have led to the discovery that some NLRs function by a process of activation,
oligomerization, and induction. For example, the CC-NLR Zar1 forms a pentameric resistosome
complex in the presence of effectors XopQ and ATR125. This complex interacts with signaling
components as well as the cell wall to enhance the general immune response and produce a
calcium-ion channel, respectively. The exact mechanisms by which they interact and modulate
the defense pathways are largely unknown. However, it has been recently observed that the
immune pathways activated by PTI and ETI are largely apart of the same system for defense,
with PTI serving as the primary elicitor of the classical defense signaling pathways and ETI
serving to bolster and accelerate that response23. It has also been shown that PTI is capable of
potentiating ETI. Taken together, these recent advancements provide substantial evidence that
the introduction of multiple NLR-encoding genes can serve to independently potentiate PTI and
produce an immune response that is both more durable and more effective when compared to the
use of single NLR-encoding genes to confer genetic resistance.
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1.4. Genetic Resistance
The durability of resistance is of major concern. As PTI and ETI in particular are
unconducive for pathogenesis, effectors are constantly being evolved to generate novel and
improved methods for incapacitating the immune response and defeating resistance. When the
pathogen achieves this, the host, in-turn, evolves to overcome this breakdown of resistance to the
pathogen. This co-evolution between pathogen and host leads to an arms race, where the
directional selection provided by a resistance gene leads to the increased frequency of virulence
alleles in the pathogen population, which in turn leads to the evolution of new resistance genes or
alleles in the host26. This happens frequently in modern agricultural systems where a resistance
gene is discovered and implemented to control a particular pathogen. The pathogen evolves a
virulence mechanism against that resistance, typically through loss or modification of the
cognate effector allele, and the frequency of that virulent pathogen genotype rises in the
population until the resistance is no longer effective. This process, particularly when repeated, is
referred to as a “boom-bust cycle” of disease resistance. Alternative to an arms-race model, when
there are multiple resistant alleles and corresponding virulence alleles, there can be a trenchwarfare model of co-evolution where multiple resistant and virulent alleles are kept at dynamic
yet balanced frequencies.
The process of observing particular resistance genes in the host that interact negatively or
positively with effector genes has been exemplified for over a hundred years in plant
pathology27. During the late 1910s in the Upper Midwest of the United States, there were
repeated epidemics of stem rust on wheat. Durum wheat susceptible to rust was replaced with
resistant bread wheat. However, that resistance only lasted a few years before epidemics arose on
the once-resistant bread wheat. This process was repeated with the cultivar Kandred, however
7

susceptible reactions of rust were taking place as soon as it was distributed. A hybrid variety,
Ceres, was generated and distributed for nearly 10 years following Kandred. The variety
produced robust resistance until it was defeated quickly during a stem rust epidemic in 1935.
This epidemic in 1935 was fueled by stem rust race 56. Stem rust race 56 was first isolated from
an alternative host in 1928, two years after Ceres was deployed, and became the dominant race
of stem rust in the United States by 193427.
The observation that particular host genotypes result in distinct reactions to different
pathogen genotypes fueled the work of H. H. Flor to propose a “gene-for-gene” model of
resistance while working with flax rust resistance27. In this system, he found that particular races
of rust were capable of producing differential responses on varying host genotypes, indicating
that the disease reaction involves both genes of the host and the parasite. Furthermore, he also
found that resistance was dominant in inheritance while virulence was recessive in inheritance.
The term given to the gene conferring resistance in the plant was a resistance (R) gene while the
gene conferring virulence in the pathogen is called an avirulence (Avr) gene, as having a
dominant allele of this gene generates an immune response from the host and results in a lack of
disease (avirulence)27.
In recent years, there has been a need to expand upon the gene-for-gene model. The
model fundamentally relies on the basis that resistance is inducible in the host and requires
recognition of the pathogen by the host28. This framework works well for biotrophic pathogens,
such as rusts, who require a healthy host for reproduction and thus must avoid triggering PTI and
ETI. However, this model does not describe the evolutionary dynamics of necrotrophic
pathogens who require recognition by the host for virulence. An example of this can be found in
the necrotrophic pathogen Pyrenphora tritici-repentis (Ptr), which causes tan spot on wheat29.
8

Ptr contains the virulence factor ToxA, which acts as a necrotrophic effector during wheat
infection. ToxA targets the susceptibility gene in wheat called Tsn1. The presence of Tsn1 in the
host determines whether a susceptible or resistant reaction will occur. Therefore, virulence in the
pathogen is dominant while resistance in the host is recessive, contrasting the gene-for-gene
model. Therefore, resistance in necrotrophic pathogens is described with the “inverse-gene-forgene” model28.
The premier work in surveying genetic resistance to NBLS came 25 years after NBLS’s
first reporting. Tullis observed 61 and 34 of 109 varieties and selections at Beaumont, TX and
Stuttgart, AR, respectively, which produced resistant interactions with NBLS30. The following
year, 39 of the 61 varieties grown in Texas maintained resistance while 19 of the 36 in Arkansas
also maintained resistance. While several common commercial varieties were observed as
susceptible to NBLS, the frequent occurrence of resistant varieties indicated a possible use in
hybrid varieties in the future. Ryker and Jodon followed this work in 1940 when they
investigated the inheritance of resistance. By making six crosses between NBLS resistant and
susceptible rice plants, Ryker and Jodon observed the segregation of a dominant (3:1) factor of
resistance in the F2 population31. In 1944, Ryker and Jodon reported a single dominant factor for
resistance in 35 out of 48 crosses, while other factors of resistance seemed quantitative9,31.
One limitation to the early work surveying genetic resistance was the lack of genetic
markers to determine the chromosomal location of the resistance loci. This limitation was
overcome in the past few decades with modern advancements in molecular markers and plant
breeding. A major tool to address these limitations was the creation of the “MY2” recombinant
inbred line population (n=286) between the highly resistant LaGrue variety and the moderately
susceptible Cypress variety32,33. This led to the work by Addison et. al (2021), who mapped the
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first major resistance gene to NBLS in this population34. Using a U.S. breeding germplasm panel
of 387 modern and advanced U.S. breeding lines, 170 lines were identified as containing the
susceptible haplotype. Notably, 158 lines (93%) trace their susceptible haplotype through their
pedigree to the cultivar L-201 which was developed in California. Interestingly, Addison et al.
(2021) also identified that the introduction of this susceptible haplotype did not occur until the
1990’s and that its persistence is largely due to the use of the susceptible parent Cypress and, to a
minor extent, Lacassine in breeding programs.
While Ryker and Jodon were investigating host-resistance to NBLS in the early 1940s,
Ryker was able to observe susceptible reactions on previously resistant inbred lines when
inoculated with particular isolates which began the investigation into the race structure of C.
janseana31. Ryker observed that out of 36 isolates, 5 general race groups could be determined
consisting of 16 physiological races by using 8 cultivars in a differential set, indicating a large
amount of pathotypic diversity. In 1981, when NBLS was determined to be economically
important to the Philippines, Estrada et. al published an experiment using a modified set of
differential cultivars to determine their local race structure35. Starting with 49 cultivars and
narrowing it down to eight, they phenotyped 60 isolates local to the Philippines and observed a
rich race structure (19 physiological races, 6 race groups), further indicating a large amount of
phenotypic diversity in C. janseana populations. Five years later, Sah et al. (1986) revisited the
race structure of C. janseana in rice producing regions of the southern United States8. Using 76
isolates from Louisiana, Arkansas, and Texas, an adapted set of 8 differential cultivars were
inoculated and their pathological interaction characterized. Six race groups were identified,
which contained 43 physiological races8. This further supports the trend of high pathotypic
diversity, as all investigations undertaken indicate that nearly every other isolate collected and
10

phenotyped on an appropriate range of hosts represents its own physiological race8,31,35.

1.5.Rational & Justification for Studying NBLS
One of the most important concepts to understand regarding C. janseana is its ability to
overcome genetic resistance in the host. Additionally, very little is currently known on the
molecular host-pathogen interactions within this pathosystem. Several major objectives to
evaluate evolutionary potential with C. janseana is to determine whether there is large, standing
genetic variation, if that genetic variation is structured amongst the populations, if gene flow
occurs among rice production regions, and if the pathogen populations are sexually reproducing.
Currently, there are no genetic or genomic resources, such as a reference genome, for C.
janseana to assist in investigating genetic diversity. The presence of a large amount of genetic
diversity for the pathogen to select from is a major driver for the generation of improved as well
as novel effectors genes capable of defeating contemporary resistance genes in the host.
Similarly, sexual reproduction allows for higher genotypic diversity which has a significant
effect on producing novel, virulent pathogen genotypes. The sexual state of C. janseana has only
been reported once in 19467. However, the ability of modern populations to undergo sexual
recombination is not certain, and the act or frequency of sexual recombination within the genus
Cercospora appears highly variable. For example, Cercospora beticola, the pathogen causing
Cercospora leaf spot on sugar beets, has some indirect evidence for its sexual reproduction based
on an even ratio of heterothallic mating types observed among several geographic populations,
particularly where diversity is highest36. Alternatively, Cercospora kikuchii, who we now
understand to be a part of a cryptic species complex, has evidence of a cryptic sexual state but is
11

observed in field populations to be predominantly clonal (asexual)37,38. The ability to undergo
sexual reproduction generates a higher degree of genotypic diversity and therefore increases the
chances of generating genotypes capable of counteracting host resistance. Also, sexual
reproduction in fungal pathogens is often specific to particular environmental conditions. The
identification of where those conditions are present could lead to the development of cultural
practices to diminish or negate the generation of new C. janseana genotypes as well as possibly
eliminate the overwintering benefit that sporocarps often provide for future inoculum. Similarly,
if genetically distinct populations are identified and their geographies are unique, then disease
management through regionally specific resistant cultivars could be a suitable management
solution if the populations differ in pathotypes.
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Chapter II. Population Genomics of Cercospora Janseana on Rice in the
Southern United States

2.1. Introduction
Rice (Oryza sativa), is an important staple crop grown globally. Rice cultivation most
commonly occurs in hot and humid environments which also promotes the growth of many
fungal pathogens. One fungal pathogen of recent importance, Cercospora janseana, causes the
disease narrow brown leaf spot (NBLS). C. janseana infection yields symptoms on leaf blades,
petioles, and stems. Symptoms on the leaves are the most common and appear as
characteristically narrow lesions (~2-10+ mm in length) of a brown-to-red color with necrosis
occurring at the center10. Stem symptoms occur frequently and lack the narrow restriction which
allows it to form a net-blotch pattern. Mature lesions on the stem and leaves produce conidia
from necrotic tissue. Incidence and severity of NBLS generally increases as rice mature and
becomes the most susceptible as rice production enters the heading stages10,39.
Thus far, NBLS is a poorly understood disease. Over the past approximately 115 years
since its first report, much of the scant literature focused on host genetic resistance30,31,34,40.
Aside from two studies in the 1980s focusing on race structure of C. janseana in Louisiana and
the Philippines, as well as the pioneering work in the 1930’s, no work has been done to
understand the genetic and phenotypic landscape of contemporary pathogen populations8,30,35.
This lack of knowledge endangers the efforts towards management of this disease.
NBLS disease management is largely dependent on two facets: host-resistance breeding
and fungicide use. The fungicide propiconazole has been demonstrated to adequately manage
disease and demethylation inhibitor (DMI) resistance has not been reported for this organism39,41.
However, quinone outside inhibitor (QoI) resistance has been observed in C. janseana
13

populations from Louisiana and Texas, indicating that this chemical class is no longer viable for
disease management (Jon Richards, personal communication). Alternatively, the use of
resistance breeding to manage NBLS has proven challenging. Resistance can be found
throughout germplasm available for breeding programs, but it has been observed to lose its
effectiveness quickly due to the presumptive rise of new pathogen races42,43. The first genetic
mapping of an NBLS resistance gene, CRSP2.1, has enabled introgression into elite varieties,
however the lack of linked markers to other resistance loci has impeded overall progress34.
Previous studies have identified diverse virulence patterns in C. janseana populations. A
study from the Philippines identified a rich distribution of physiological races comprising 19
physiological races and 6 groupings among 60 isolates tested35. A similar study was conducted in
Louisiana, where 76 isolates were inoculated onto a modified differential set of cultivars, which
identified 43 physiological races comprising 6 groupings8. Both studies indicated that C.
janseana populations are phenotypically diverse, however, the genetic diversity and population
structure of C. janseana remain unexplored. Additionally, the rapid breakdown of genetic
resistance poses fundamental questions worth investigating to enhance our understanding and
management of this disease.
Sphaerulina oryzina is the teleomorph of C. janseana and was first described in 1908.
However, its association with C. janseana was not known when first described, but was later
identified in Japan in 19487. Since then, the teleomorphic state has not been reported. The lack of
sexual structures in field may indicate a primarily asexual mode of reproduction, however, many
fungal species have been observed to undergo cryptic sexual reproduction. Many notable
anamorphic Cercospora species have no known telemorphic states44. Cercospora kikuchii (CLB,
soybeans) and Cercospora beticola (CLS, sugar beet) are such pathogens that have been
14

observed to be exclusively asexual but studies have indicated a history of cryptic sexual
reproduction37. Other Cercospora species have known teleomorphs, such as Cercospora
arachidicola, but their occurrence is sparse and its contribution to the disease cycle is largely
unexplored45. The occurrence and frequency of sexual reproduction is an important characteristic
to understand given its effect of increasing genotypic richness, creating novel genotypes, and for
their contributions to overwintering as well as primary inoculum.
From initial observations, C. janseana appears to lack many of the characteristics present
in fungal pathogens, such as soybean-rust (Phakopsora pachyrhizi), which are accredited with
‘fueling’ the breakdown of resistance. The disease is observed to be propagated from asexual
conidiospores which indicates to researchers a clonal mode of reproduction. Due to the
evolutionary constraints produced from this reproductive schema, one is led to believe that the
pathogen population harbors relatively low levels of genotypic diversity and that the capabilities
for virulence should be restricted to particular lineages of this pathogen (ie: races or race groups).
No research has been conducted to identify lineages and diversity of C. janseana present
in the rice producing regions of the southern United States in the 21st century. This information
could be utilized in structured resistance schemes that focus on regional deployment of resistant
cultivars to local pathogen races. It would also inform management efforts on the durability of
genetic methods of control due to the repeated mutations that would be required to confer
virulence and fungicide resistance in the absence of sexual reproduction. Furthermore, the rapid
breakdown of genetic resistance begs the question of whether there is a rapidly evolving, single
genetic population of NBLS or if there is a dominant lineage of NBLS with many other diverse,
cryptic lineages hiding among the weeds and awaiting the return of cultivars to which they are
virulent against.
15

We have taken a population genomics approach to answer these unaddressed questions.
We hypothesize that C. janseana causing NBLS in Texas and Louisiana represents a panmictic
population that is genotypically rich. To address this hypothesis, next-generation sequencing
approaches to characterize the genetic diversity and structure of C. janseana were utilized in a
small spatial-scale population-genomic study. The objectives of this study were to (i)
characterize genetic diversity, (ii) understand pathogen population structure, (iii) assess if
populations are differentiated among states or years, and (iv) infer likely modes of reproduction.

2.2. Materials and Methods
2.2.1. Sample Collection
Rice leaves exhibiting foliar NBLS symptoms were collected in Louisiana and Texas
from 2019-2020. The first collection spanned two rice fields in Crowley, Louisiana in August of
2019, which yielded a total of 113 isolates. The next collection in October of 2019 occurred in
Beaumont, Texas, where five locations were sampled and yielded a total of 137 isolates. In the
same months the following year, both Louisiana and Texas were resampled, yielding 84 isolates
from a single field in Louisiana and 41 isolates across three fields in Texas. The fifth and final
collection occurred in Crowley, Louisiana in October of 2020. These samples were collected
from a ratooned rice field that was previously sampled twice before in 2019 and 2020. All of the
cultivars collected from belong to the rice breeding programs of both LSU AgCenter and Texas
A&M, respective to the state that the samples were collected in. All isolates were collected from
foliar lesions producing NBLS symptoms. A glass capillary tube was used to directly isolate
conidia from conidiophores morphologically consistent with C. janseana. Conidia was
transferred to water-agar plates amended with antibiotics. Conidia or hyphal tips from these
16

colonies were rapidly and carefully subcultured onto potato-dextrose-agar (PDA) for further
identification and growth. After isolating the samples to a monoculture status, they were stored
as mycelial blocks on PDA submerged in glycerol at -80 degrees Celsius for long-term storage.
A summary of the sampling locations and samples collected can be found in Table 2.1.
2.2.2. DNA and RNA Extraction
For use in generating a reference genome, C. janseana isolate RL44 was grown in potatodextrose broth (PDB) in a shaking incubator at 28 degrees Celsius and 160rpm for approximately
4 weeks. Mycelium was collected via vacuum filtration and high molecular weight (HMW) DNA
was extracted using a modified cetyltrimethylammonium bromide (CTAB) method and
visualized using gel electrophoresis46. For whole genome resequencing, cultures were grown on
PDA under benchtop conditions and total DNA was extracted from mycelium using a CTAB
DNA extraction protocol modified for fungi47.
An RNAseq library was prepared and sequenced to aid gene annotation of the reference
genome. Mycelium of RL44 (3 replicates) was cultured in Fries broth medium in the dark for
approximately two weeks. Mycelium was harvested, rinsed, and patted dry with paper towels,
followed by flash freezing with liquid nitrogen48. RNA was extracted using the Zymo Research
Quick-RNA miniprep kit and purified with the Zymo Research RNA Clean & Concentrator kit.
RNA quantity was assessed using a Qubit and integrity was assessed using gel-electrophoresis.
RNase-Zap was used to decontaminate surfaces and instruments to prevent RNA degradation by
RNAses. Total RNA was sent to RealSeq Biosciences and a rRNA depleted RNA sequencing
library was prepared and sequenced.
2.2.3. Reference Genome Development
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HMW DNA from the C. janseana isolate RL44 was prepared for Oxford Nanopore
sequencing using the SQK-LSK109 ligation kit according to the manufacturer’s specifications.
Long-read sequencing was conducted using the Oxford Nanopore MinION platform on a single
R9 flowcell and bases were called with the high-accuracy base-calling algorithm implemented in
MinKNOW. Adapter sequences of the sequencing reads were removed with the program
Trimmomatic v0.39 and inspected with FastQC49,50. Trimmed reads were de novo assembled
using Canu v2.251. To alleviate the high error rates of the nanopore platform, high-quality
Illumina reads were generated for this isolate (described below) and mapped to the draft
assembly using BWA-MEM52. Mapped reads were used for high-accuracy error-correction using
the program Pilon and two rounds of polishing were conducted53. Repetitive elements were
identified and masked with the software RepeatModeler and RepeatMasker54,55. Ends of contigs
were manually examined for telomeric repeats (TTAGGG/CCCTAA). Genome completeness
was assessed using the BUSCO software with the lineage dataset “Capnodiales_odb10”56.
2.2.4. Gene annotation
RNAseq reads were assessed for quality with FastQC. Adapter sequences were removed
and reads were subsequently trimmed with Trimmomatic49. The RNAseq reads were mapped to
the RL44 reference genome using HISAT257. Additionally, the RNAseq reads were de novo
assembled into transcripts using Trinity with default settings58. The RL44 genome was annotated
using Funannotate, which included the de novo assembled transcripts, reads aligned to the
reference genome, and the UniProt protein database as sources of evidence59.
Functional domains related to virulence and predicted effectors were identified with
several tools. The dbCAN2 protein annotation server was used to identify enzymes with
carbohydrate activity with support from two or three of the methods: HMMER, DIAMOND, and
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eCAMI60. Predicted secreted proteins were identified using the software SignalP v6.0 and mature
protein sequences were used as input for EffectorP v3.0 to identify predicted effector
proteins17,61.
2.2.5. Genome Resequencing
For whole-genome analysis, a subset of isolates from each sampling population were
randomly chosen for whole-genome resequencing (Table 2.1). Additionally, six isolates
collected in 2015 in Louisiana were provided by Dr. Vinson Doyle and included in the
sequencing collection. DNA was extracted (described above) and Illumina sequencing libraries
were prepared using the NEBNext Ultra II DNA Library Prep kit with 200ng of input DNA.
Library quality was assessed using the Agilent Bioanalyzer DNA-High Sensitivity Kit and
sequenced by Admera Health, LLC.
Illumina sequencing reads were inspected with FastQC and trimmed for adapter
sequences and quality using Trimmomatic v0.39. BWA was used to map trimmed reads to the
RL44 reference genome. SAM files were converted to BAM files, sorted, and indexed using the
software Samtools v1.1062. Duplicate reads were marked with the Genome Analysis Tool Kit
(GATK) function ‘MarkDuplicates’63. Indexes and dictionaries of RL44 were generated using
Samtools and individual genomic variant-call-format (gVCF) files were produced using the
GATK function ‘HaplotypeCaller’. gVCF files were combined using the GATK function
‘CombineGVCFs’ and joint-genotyped using ‘GenotypeGVCFs’.
Filtering the final VCF file consisted of two rounds of filtering and reformatting.
VCFtools v.0.1.16 was used with the parameters ‘minGQ = 30’ (minimum genotype quality),
‘minDP = 5’ (minimum depth), ‘max-missing = 0.7’ (maximum missing data), ‘mac = 1’ (minor
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allele count) to filter the initial VCF from 3,448,670 variants down to 1,162,889 variants64. Due
to the haploid nature of C. janseana, the software Tassel5 was then used to convert heterozygous
genotypes to missing data65. This process was repeated with the same parameters to generate a
final VCF file containing 808,859 variants.
2.2.6. Population Structure Analyses
STRUCTURE, Admixture, and the PHI test in SplitsTree analyses all require the dataset
to be constructed of unlinked variants. To generate this dataset, the software ‘Plink’ v1.9 was
used with the parameters ‘50kb windows’, ‘10kb step size’, and a ‘R2 > 0.1’66. This reduced the
dataset from ~808k variants to 48,728.
The STRUCTURE analysis was conducted using three iterations of 10,000 burn-in
repetitions with 100,000 Markov Chain Monte Carlo replicates using 48,728 variants and 136
individuals. The simulated subpopulations (K) were from 1 to 10 and the optimal K value was
determined using the Evanno-Method implemented in the software StructureHarvester v0.6.9467.
For visualization, the application StructurePlot V2.0 was used with the membership coefficients
originating from the first replicate of the desired K value68.
The Admixture analysis was conducted using the plink-pruned dataset using 8 replicates
from K=1 to K=8. The software ‘pong’ was used for quickly visualizing the results at various
levels of K69. The optimum value of K was determined by plotting the error of the coefficient of
variation (CV) and choosing the value with the lowest CV.
Principal Component Analyses (PCA) were performed in Rstudio. The full (n=136,
variants = 808K) VCF dataset served as the input and was imported using the software vcfR70.
The full VCF dataset was then reduced to 50,000 random variants. The vcfR object was
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converted to a genlight object from the software Adegenet and strata were labeled71. The PCA
was conducted with the Adegenet function ‘glPca’ with three principal components being
retained. The PCA was then plotted using ggplot272.
2.2.7. Calculation of Summary Statistics and Population Differentiation
VCFtools was used to split the variant data into separate files corresponding to each of
the 15 individual C. janseana chromosomes. The dataset was then imported into Rstudio using
the software package PopGenome, specifying a ploidy level of one73. Population labels were
added to individuals and then individual chromosomes were then concatenated using the
‘concatenate.regions()’ function. The PopGenome functions ‘Diversity.stats’, ‘Neutrality.stats’
and ‘F_ST.stats’ were used to generate data corresponding to nucleotide diversity, Tajima’s D,
and fixation indices.
Analysis of Molecular Variance (AMOVA) was conducted in Rstudio using package
poppr based on previously published guidelines74. The full variant dataset was used and
population strata were tested independently at the state and year level.
2.2.8. Inferring recombination and analysis of linkage disequilibrium
SplitsTree v4.17.2 was used with the plink-pruned variant dataset to generate a
phylogenetic network and conduct the pairwise-homoplasy index test based on the method from
Bruen, Philippe, and Bryant75. Linkage disequilibrium (LD) decay was calculated with the
software PopLDdecay on both lineages separately using default parameters.
An index of association analysis was conducted using the Rstudio packages ‘poppr’ and
‘adegenet’ based on previously published guidelines76. The full variant dataset was split into two
separate files corresponding to unique genetic subpopulations and were loaded into Rstudio
21

using the package ‘vcfR’. The vcfR object was converted to a genlight object and the ploidy was
set to ‘1’. Index of association was calculated for each population using 50,000 SNPs and 1000
replicates via the ‘adegenet’ function “samp.ia”. To compare observed index of association
values with hypothetical populations with varying degrees of linkage, simulated datasets with the
same number of individuals and markers were generated using the “glSim” function of
‘adegenet’ with a variable ratio of structured and unstructured variants corresponding to the
mode of reproduction being simulated. The simulated datasets were replicated 100 times. Five
modes were simulated: Clonal (100% structured: e.g.: 659,761 SNPs structured, 0 unstructured),
mostly clonal (75% structured), half-sexually reproducing (50% structured), mostly sexually
reproducing (25% structured), and sexually reproducing (0% structured). For the NA1 and NA2
lineage datasets, simulations were done with 115 and 14 individuals, respectively. Normalized
index of association values based on RbarD comparisons were calculated with the packages
‘poppr’ using ‘ia’ function. 10,000 random SNPs were generated from each lineage’s dataset and
permuted 999 times with ‘valuereturn=TRUE’.

2.3. Results
2.3.1. Sampling and DNA Isolation
A total of five sampling populations were collected within two states, Louisiana and
Texas, in 2019 and 2020. All samples used in the experiment were collected via the direct
isolation of conidia from foliar tissue exhibiting NBLS symptoms. For analysis, a subset of
isolates was randomly chosen from each sampling population for whole-genome resequencing. A
total of 32, 27, 27, 28, and 16 isolates were selected from Louisiana in 2019, Texas in 2019,
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Louisiana in 2020, Texas in 2020, and the ratoon crop from Louisiana in 2020, respectively
(Table 2.1). Additionally, six isolates that were previously collected in 2015 in Louisiana were
selected for sequencing.
Table 2.1. Sampling Information and Isolates Sequenced
ID

Locale

Site Affiliation

Sampling
Date

Tissue
Sampled

Iso.
Collected

Iso.
Sequenced

H. Rouse Caffey
O. sativa
Rice Research
2015
18
6
leaves
Station
H. Rouse Caffey
O. sativa
Crowley,
LA 2019
Rice Research
09.06.2019
118
32
leaves
LA
Station
Texas A&M
Beaumont,
O. sativa
AgriLife
TX 2019
10.11.2019
181
27
TX
Beaumont
leaves
Research Center
H. Rouse Caffey
O. sativa
LA
Crowley,
08.07.2020
84
27
Rice Research
leaves
2020_1
LA
Station
Texas A&M
O. sativa
AgriLife
Beaumont,
TX 2020
10.19.2020
62
28
leaves
Beaumont
TX
Research Center
H. Rouse Caffey
LA
Crowley,
O. sativa
10.27.2020
19
16
Rice Research
2020_2
LA
leaves
Station
Samples collected and analyzed throughout the experiment. ID = Identification, Iso. = Isolates.
All samples were collected from necrotic lesions exhibiting NBLS signs and symptoms on foliar
tissue.
LA 2015

Crowley,
LA

2.3.2. Reference Genome Development
The reference genome strain of C. janseana, RL44, was isolated from foliar lesions on
rice from Crowley, Louisiana in 2019. A total of 6,744 Mb of Oxford Nanopore sequencing data
were generated, corresponding to approximately 170x sequencing depth and an N50 read length
of 12,932 bp. Polishing was conducted with approximately 37.3x coverage of RL44 Illumina
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reads. This resulted in a polished genome assembly of 39,655,799 bases spanning 15
chromosomes which contained 29 telomeric regions (N50: 2.96 Mb). Seven additional small
contigs (< 236 kb), as well as one mitochondrial contig, are also included in the final assembly.
Repetitive elements comprise 23.2% of the assembled genome. Over 99% of all orthologs
expected by BUSCO (3542/3578) were detected in the RL44 genome, signifying a high level of
completeness in the highly contiguous assembly56. Statistics regarding the reference genome can
be found in Table 2.2.
Gene annotation using de novo assembled transcripts, reads aligned to the reference
genome, and the UniProt77 database as evidence revealed 10,960 genes with an average size of
1488bp. Of those genes, 372 were identified to have enzymatic activity involving carbohydrates.
Proteins believed to be involved in pathogenicity were also investigated, revealing 955 secreted
proteins and 361 putative effectors. 151 and 210 of the effector proteins were identified as
containing motifs associated with cytoplasmic and apoplastic subcellular localization,
respectively.
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Table 2.2. Reference Genome Sequencing Statistics
RL44 Nanopore Reads Generated
6,179,557
RL44 Nanopore Bases Generated
6,744 Mb
Nanopore Read Length N50
12,932 bp
Assembly Size
39,655,799 bp
Assembly N50
2.96 Mbp
Assembly Chromosome Number
15
Assembly Telomere Number
29
Assembly BUSCO
3542 Complete /3578 Searched (22 Missing)
Repetitive Elements
9,189,090 bp (23.2%)
Gene Annotation Count
10,833 genes
Average Gene Size
1,488 bp
Carbohydrate active enzymes discovered
372 (2/3: HMMER, DIAMOND, eCAMI)
Secreted proteins discovered
955
Putative effectors discovered
361
Statistics related to the sequencing and assembly of the genome. N50 = weighted median statistic,
BUSCO = Basic Universal Single Copy Orthologs.
2.3.3. Whole Genome Resequencing
To analyze genomic variation at the population level, Illumina paired end sequencing was
utilized in conjunction with the newly created C. janseana reference genome. A total of 169Gbp
of sequences were generated ranging from 392Mbp to 5,858Mbp (mean: 1,275Mbp,
s.d.=787Mbp) per sample. After trimming, these reads correspond to a mean coverage of 28-fold
(1st Quartile: 16.8, 3rd Quartile: 36.0, s.d.=16.9) per sample. After mapping trimmed reads from
each individual to the reference genome and filtering genotype calls, a total of 762,815 single
nucleotide polymorphisms (SNPs) and 46,004 insertions/deletions (InDels) were identified.
2.3.4. Population Structure Reveals Two Genetic Lineages
We next aimed to determine if distinct genetic subpopulations of C. janseana exist and if
these subpopulations are associated with spatial or temporal factors. First, the clustering software
STRUCTURE was used to identify shared patterns of genetic variation78. The Evanno Method
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indicated that the most likely level of subdivision was K=2 in our sampled populations, but these
subpopulations are largely irrespective of state and year collected (Figure 2.1 & 2.2)67. To
complement the iterative Bayesian clustering approach of STRUCTURE, we utilized the
software ADMIXTURE to estimate individual ancestries and received nearly identical results to
the STRUCTURE analysis79. Using the cross-validation procedure, the highest supported
number of genetic subpopulations was also two K=2. Utilizing a membership coefficient cutoff
of 0.80, 115 (85%) samples and 14 (10%) samples belong to each genetic subpopulation with
seven isolates (5.1%) whose membership is below 0.80 to either subpopulation. These
subpopulation assignments were consistent between both methods. The genetic subpopulations
will be referred to as “NA1” and “NA2” for the dominant (85%) and minor (10%) genetic
subpopulations, respectively.
The NA1 genetic subpopulation dominated both states, with at least 80% of isolates
collected from either state belonging to this lineage (LA: 87.6%, TX: 80.0%). Both Louisiana
2015 isolates (n=6) and the ratoon crop (LA 2020_2, n=16) sampling populations were entirely
comprised of the NA1 lineage. The NA1 lineage was found at its lowest frequency (67.8%) in
Texas of 2020. The other sampling populations were comprised of 81.5% (Louisiana 2020_1),
84.4% (Louisiana 2019), and 92.6% (Texas 2019) of the NA1 lineage. The NA2 lineage was
most represented in the Texas 2020 collection (25.0%) but failed to rise above 10%
representation in Louisiana 2019 (9.38%), Texas 2019 (7.40%), and Louisiana 2020_1 (7.40%).
Overall, the NA2 genetic subpopulation was represented at a frequency of 6.17% and 16.4% in
Louisiana and Texas, respectively. Taken together, the detection of isolates from each
geographic sampling population within each subpopulation indicates that migration between
Louisiana and Texas is likely occurring.
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A PCA was conducted to further investigate the association of genetic clusters to
geographic and temporal factors. The top three principal components (PCs) represented 22%,
3.9%, and 3.8% of the total genetic variance and were retained for analysis. The NA1 (n=115)
genetic subpopulation reveals a uniform cluster where 78% of individuals in the subpopulation
cluster tightly together, while thirteen individuals stratify along PC2 (Figure 2.4). There did not
appear to be any noticeable population substructure within the NA1 cluster. The NA2 (n=14)
genetic subpopulation reveals the majority of its stratification along PC1. NA2 does not exhibit
the uniform, tight clustering seen in 78% of the NA1 genetic subpopulation. These results further
confirm the lack of correlation between sampling location or year and genetic subpopulation
(Figure 2.5 & 2.6).
A phylogenetic network was produced using SplitsTree80 (Figure 2.7). This network
identified significant reticulation between the genetic subpopulations, which represents
conflicting phylogenetic signals possibly due to recombination or incomplete lineage sorting
(discussed further below). Furthermore, the majority of the NA1 genetic subpopulation forms a
tight cluster but has long branches to all individuals. This major cluster is then closely associated
with a diffuse cluster of samples that represent the same genetic population that was stratified
along PC2 in the PCA. Notably, several of the admixed isolates can be seen forming a
reticulation network with the previously described stratified subset of the major genetic
subpopulation but is located on the network in a unique position that is between both genetic
subpopulations. At the most distant end of the phylogenetic network from the NA1
subpopulation is the NA2 subpopulation, which contains significant reticulation and also
represents a diffuse cluster such as in the stratified subset of the NA1 genetic subpopulation.
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Figure 2.1. Determining Optimum K Values using the Evanno Method. Delta K plotted along the
number of subpopulations tested in Structure. Using the Evanno method, the highest Delta K value has
the most support. 10 subpopulations from K=1 to K=10 were tested with three replicates.

Figure 2.2. Structure Results Visualized Using Structure Harvester. Bar plots showing the membership
coefficients of individuals grouped by sampling populations. Sampling populations are represented by
alternating colors along the bottom of the graph and correspond to the sampling population directly
below. Each column represents an individual with the proportion of colors corresponding to the
membership of each subpopulation detected (at K=2).
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Figure 2.3. Determining Optimum K values from Admixture. Cross validation error is plotted per
number of subpopulations tested. The best supported value for K in the Admixture software is
determined by the lowest cross validation (CV) error. K=1 to K=8 was tested with eight replicates.

Figure 2.4. PC1 vs PC2 of Sequenced Isolated Colored by Genetic Subpopulation. The first principal
component plotted against the second principal component. Isolates are colored by their genetic
subpopulation (Red = NA1, Green = NA2). Membership among genetic subpopulations was
determined via membership coefficients from Structure.
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Figure 2.5. PC1 vs PC2 of Sequenced Isolates Colored by State of Origin. The first principal
component plotted against the second principal component. Isolates are colored by the geography from
which they were collected from (Red = Louisiana, Green = Texas).

Figure 2.6. PC1 vs PC2 of Sequenced Isolastes Colored by Year Collected. The first principal
component plotted against the second principal component. Isolates are colored by the year of their
collection (Gray = 2015, Green = 2019, Red = 2020). Note that the absence of seeing gray is due to
their overlap with the dominant cluster of isolates.
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Figure 2.7. Phylogenetic Network of Sequenced Isolates. An unrooted phylogenetic network produced
from SplitsTree. The VCF was converted to a .phy format to produce the network. Individuals are
represented on the tips. Note that the ‘left’ side of the network is largely comprised of members of
NA2, while the main cluster on the ‘right’ side of the network is almost entirely comprised on NA1
members.

2.3.5. C. janseana Sampling Populations Exhibit Low Temporal and
Geographic Differentiation
We next wanted to determine if sampling populations were differentiated. High levels of
differentiation between spatially separated populations may indicate reproductive isolation and
lack of gene flow. Similarly, high levels of differentiation between temporally separated
populations may indicate population shifts across years. Fixation indices were calculated for
genetic subpopulations and sampling subpopulations (Table 2.3). FST between the NA1 and NA2
subpopulation was calculated at 0.62, indicating very high levels of population differentiation.
This level of population differentiation, or anything close to it, was not observed in any of the

31

sampling populations (x̅ = 0.045) except for comparisons between the Louisiana 2015 population
and the 2020 Louisiana ratoon crop with the 2020 collection in Texas (FST = 0.15 and 0.14,
respectively). Low population differentiation between state and years was also supported by
AMOVA (Table 2.4). Regarding differentiation due to state of origin, 95% of variation were
within samples and only approximately 2% and 3% of the variation was between states and
between samples within states, respectively.
Genome-wide summary statistics were calculated for each sampling population to
determine differences in diversity and deviations from neutrality. Nucleotide diversity slightly
decreased in Louisiana populations from 0.0040 to 2020 0.0035 in 2019 and 2020, respectively
(Table 2.5). Interestingly, we observed a moderate decrease in nucleotide diversity in the
Louisiana 2020_2 ratoon population (0.0026) compared to the Louisiana 2020_1 population
(0.0035) collected from the main crop in the same field. Conversely, nucleotide diversity in the
Texas populations increased from 0.0036 to 0.0054 in 2019 and 2020, respectively. The
Louisiana 2015 population exhibited the lowest nucleotide diversity at 0.0025. The Texas 2020
population exhibited the most extreme value of Tajima’s D at 1.040, indicating an excess of
alleles at intermediate frequencies. The larger positive value of Tajima’s D could signify a recent
population contraction. Conversely, the Louisiana 2015 population exhibited a Tajima’s D value
of -0.657, indicating an excess of rare alleles. The remaining sampling populations did not
deviate strongly from neutral expectations, with Tajima’s D values ranging from -0.356 to 0.188
(Table 2.5).
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Table 2.3. Fixation Indices Calculated
Pairwise Comparison of Subpopulation
Fst
Major vs. Minor Genetic Subpops.
0.6258
LA 2015 vs. TX 2020
0.1613
TX 2020 vs. LA 2020_2
0.1406
LA 2020_1 vs. TX 2020
0.0898
TX 2019 vs. TX 2020
0.0731
LA 2019 vs. TX 2020
0.0639
LA 2015 vs. LA 2019
0.0540
LA 2015 vs. LA 2020_1
0.0467
LA 2015 vs. TX 2019
0.0419
LA 2019 vs. LA 2020_2
0.0276
LA 2015 vs. LA 2020_2
0.0224
TX 2019 vs. LA 2020_1
0.0155
TX 2019 vs. LA 2020_2
0.0140
LA 2019 vs. TX 2019
0.0128
LA 2020_1 vs. LA 2020_2
0.0078
LA 2019 vs. LA 2020_1
-0.0021
FST values were calculated in a pairwise comparisons from the Rstudio’s’ package PopGenome.
The entire VCF dataset was used in the pair-wise analysis. Significant differentiation was
considered at FST > ~0.15.

Table 2.4. Analysis of Molecular Variance with State and Year
AMOVA Category
Variations (%)
Between State
1.98
Between Samples Within State
3.12
Within Samples
94.90
Between Year
-2.80
6.38
Between Samples Within Year
Within Samples
96.42
AMOVA was conducted from the Rstudio’s’ package poppr based on the year and state that
samples were collected in. The entire VCF dataset was used for this analysis.
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Table 2.5. Nucleotide Diversity and Tajima’s D of Sampling and Genetic Subpopulations
Subpopulation
NA1 Genetic Subpopulation
NA2 Genetic Subpopulation
LA 2015
LA 2019
TX 2019
LA 2020_1
TX 2020
LA 2020_2

Tajima's D
-0.251
0.571
-0.657
0.188
-0.346
-0.356
1.040
-0.333

Nuc. Div.
0.0028
0.0035
0.0025
0.0040
0.0036
0.0035
0.0054
0.0026

Tajima’s D and nucleotide diversity were calculated in the Rstudio’s’ package PopGenome. The entire
gVCF dataset was used in the analysis.

2.3.6. Reproductive Analyses Indicate a Mixed Mode of Reproduction
The mode of reproduction in Cercospora spp. is poorly understood, however cryptic
sexual reproduction has been inferred in several species36,37. With asexual reproduction being
apparent, three techniques were used to identify the extent to which sexual reproduction is
occurring. To determine if recombination was occurring at all within the sampled population, the
software SplitsTree was able to determine with statistical likelihood that recombination had
occurred (Pairwise homoplasy index (PHI) test; p-value = 0.0 (<0.05)). Next, we assessed the
rate at which LD decayed. In primarily asexually reproducing populations, we expect that LD
would decay slowly due to the lack of recombination between loci. In the NA1 lineage, LD was
observed to break down to half its maximum value at 7 kb, which is indicative of high rates of
past recombination (Figure 2.8). In contrast, LD decayed much more slowly in the NA2,
reaching half of its maximum value at 67 Kb (Figure 2.9). To complement the previous two
analyses, an index of association analysis (IA) was performed with the observed dataset and
simulated datasets representing varying levels of linked loci (Figure 2.10 & 2.11). Simulated
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datasets were created to represent entirely clonal, mostly clonal, half clonal, mostly sexual, and
entirely sexual modes of reproduction. A subset of 10,000 SNPs (replicated 1000 times) from
both the NA1 and NA2 genetic subpopulations were utilized for comparison. The distribution of
IA values for the NA1 lineage lies nears the third quartile of the “half-clone” IA distribution (NA1
IAx̅ = 0.041, HalfClone IAx̅ = 0.031), while the NA2 genetic subpopulation has a higher average
index of association than the entirely clonal dataset (NA2 I Ax̅ = 0.19 vs. Clone I

x̅
A = 0.11).

Taken

together, these results indicate that sexual reproduction has occurred within the NA1 lineage,
whereas NA2 represents a primarily clonally reproducing lineage.

Figure 2.8. Linkage Disequilibrium Decay of NA1 Genetic Subpopulation. Mean r2 values from the
NA1 lineage from popLDdecay were imported into Rstudios and plotted using ggplot2. The blue line
represents the default regression line. The red line represents half the initial mean r2. Note, for NA1, the
second value was chosen for calculating the placement of the red line to minimize the possible outlier
effect (r2 of point 1 = 0.6016, r2 of point 2 = 0.4705). Decay occurs at 7077 bp of genetic distance.
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Figure 2.9. Linkage Disequilibrium Decay of NA2 Genetic Subpopulation. Mean r2 values from the
NA2 lineage from popLDdecay were imported into Rstudios and plotted using ggplot2. The blue line
represents the default regression line. The red line represents half the initial mean r2. Decay occurs at
66,531 bp of genetic distance.

Figure 2.10. Index of Association Simulation of NA1 Genetic Subpopulation. Index of associations
were calculated for simulated datasets representing a proportion of structured and unstructured SNPs
and compared to NA1. From sexual to clonal reproduction, the proportion of structure SNPs increases
by 25% for each group. Simulated datasets were reflective of the number of individuals and SNPs
present in the genetic population tested.
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Figure 2.11. Index of Association Simulation of NA2 Genetic Subpopulation. Index of associations
were calculated for simulated datasets representing a proportion of structured and unstructured SNPs
and compared to NA2. From sexual to clonal reproduction, the proportion of structure SNPs increases
by 25% for each group. Simulated datasets were reflective of the number of individuals and SNPs
present in the genetic population tested.

2.4. Discussion
NBLS was historically considered a sporadic disease which had played a relatively minor
role in shaping rice production in the southern United States in the mid-late 1900s. However,
recent epidemics of the disease and their economic impact has reinvigorated the need to
understand the disease at its fundamental level. The genetic diversity, population structure, and
potential for migration or sexual recombination in C. janseana was previously unknown. To
address these knowledge gaps, we aimed to leverage genomics approaches to understand C.
janseana population dynamics among different rice producing regions and understand their
ability to evolve against management options.
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By utilizing long and short read sequencing technologies, we assembled a nearly
complete telomere-to-telomere reference genome and generated whole-genome sequences of 136
C. janseana isolates from Louisiana and Texas, as well as across several years. The highly
contiguous RL44 reference genome provides the first glimpse into its structure and gene content,
as well as lays the foundation for future comparative or functional studies. Many important genes
influencing host-pathogen interactions, such as effectors or secondary metabolite gene clusters,
are often localized to subtelomeric regions and are often in close proximity to repetitive
elements81. Long read sequencing improves assembly of these repetitive regions, leading to more
contiguity than the typically fragmented assemblies derived from short reads. The C. janseana
reference genome and its robust annotation appears highly complete and will undoubtedly
expedite gene functional characterization in future studies. Furthermore, this chromosome level
assembly joins several other high quality assemblies within the Dothideomycetes, such as
Zymoseptoria tritici and Parastagonospora nodorum, which could enable insightful comparative
analyses82,83.
Highly complete genome sequences also enable more precise quantification of repetitive
element content. Repetitive regions and elements were identified and characterized, revealing
that C. janseana harbors a substantially greater proportion of repetitive elements (23.2%)
compared to other Cercospora spp. with highly contiguous genome assemblies. C. beticola and
C. sojina harbor repeat content of 1.4% and 5.34%, respectively. It would be of interest to
understand why repeats appear to be expanded in C. janseana and further investigate their
impact on evolutionary dynamics.
The relatively high levels of diversity identified were comprised of only two genetically
distinct subpopulations. These distinct genetic subpopulations were unbalanced in their
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representation with NA1 dominating the samples at a frequency of 0.85, compared to NA2 with
a frequency of 0.10. Interestingly, both genetic subpopulations identified were present each year
and in each state, with the notable exception of NA2 being absent from Louisiana 2015 isolates
and the ratoon crop of Louisiana in October of 2020. However, this absence may be due to the
lower sample sizes of these populations. Notably, NA2 was also found at its highest frequency in
Texas 2020 (25.0%). The enrichment of NA2 in Texas 2020 may be indicative of an extant or
new lineage with marginal fitness advantages over NA1, resulting in an increased representation
from 2019 to 2020 (7.40% to 25.0%).
This result would lend evidence to the emergence of this lineage from Texas, due to the
absence of NA2 in Louisiana isolates from 2016, into Louisiana where it’s competing with the
existing NA1 lineage. However, the limited sample size of Louisiana 2015 isolates casts doubts
into this hypothesis. Similarly, the fitness and emergence of NA2 over NA1 is in steep, direct
contradiction to the findings from the ratoon crop of 2020. Over the course of approximately two
months, the frequency of NA1 rose from 0.815 to 1.00; indicating that there’s likely a fitness
effect driving the complete domination of the ratoon crop (second harvest, same field) by NA1
isolates in Louisiana. The latter situation is likely true when considering that the two genetic
populations starkly differ in their value of Tajima’s D; with NA1 showing slight population
contraction while NA2 indicates a moderate population contraction. The reduction in nucleotide
diversity (from 0.0035 to 0.0026) of the ratoon crop also indicates a likely fitness effect driving
the increase of NA1, especially when considering that the sampling population containing the
most NA2 isolates is also coupled with the highest nucleotide diversity (0.0054). Increased
monitoring of genetic subpopulation frequencies throughout growing seasons and expanding
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sampling sites geographically to capture a larger demographic structure would be needed to
further address this topic.
We also observed that migration among Louisiana and Texas rice production regions is
likely occurring. Overall, differentiation among sampling populations as measured by FST was
low. Only moderate differentiation was found between both the Louisiana 2015 samples and the
LA 2020 ratoon crop relative to the Texas 2020 collection. This is largely reflective of the
complete dominance of NA1 in the Louisiana 2015 samples and the LA 2020 ratoon crop versus
the mix of NA1 and NA2 lineages in the Texas 2020 collection. Furthermore, gene-flow between
the NA1 and NA2 lineages does not appear to occur frequently in the modern disease landscape.
FST values between the two lineages were approximately 0.62, which indicates that the two
lineages are substantially differentiated. When considering the geographical barriers present
between the collection sites in Louisiana and Texas, the level of migration apparent among
sampling populations was surprisingly high. Genetic variation between states only account for
approximately 2% of total variation and approximately 3% of the variation between samples
within a state. Therefore, this finding indicates that monitoring of novel pathogen races or
fungicide resistance, as well as breeding for host resistance, should consider pathogen genotypes
derived from neighboring states.
The capability of sexual reproduction is highly variable throughout many plant
pathogens. Evidence suggests from the 1918 report of Sphaeurlina oryzina (anamorph:
Cercospora janseana) that Cercospora janseana is capable of sexual reproduction, however, the
teleomorphic phase has only been reported twice, with the latest report being in 19467.
Additionally, S. oryzina has never been reported outside of Japan. To empirically estimate the
presence of recombination (which is indicative of sexual reproduction), three separate methods
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were utilized. A pairwise homoplasy index (PHI) test was statistically significant for the
presence of recombination. In a similar manner, the breakdown of linkage disequilibrium was
investigated for each genetic subpopulation. LD decayed rapidly (~7kb) in the NA1
subpopulation but required nearly 67kb to break down in the NA2 subpopulation, indicating that
sexual recombination is likely restricted to the NA1 lineage. Finally, comparisons of observed IA
to simulated datasets with varying levels of linkage supported the results of LD decay. The NA1
lineage roughly associated with a mixed reproductive schema while the NA2 lineage strongly
associated with entirely clonal populations. Taken together, we conclude that sexual
recombination has occurred naturally among isolates in the dominant NA1 subpopulation and is
limited among isolates in the NA2 lineage. However, as this population was substantially
underrepresented compared to the NA1 lineage, elevated levels of LD may also be explained by
underlying population structure not detected in our analyses. These results provide support for
previous reports that C. janseana can readily overcome singly deployed resistance genes,
possibly through recombination among different races.
McDonald and Linde (2002) established a framework to determine a pathogen’s
evolutionary potential and risk for overcoming deployed resistance genes84. These criteria
include high mutation rates (or dynamic transposable element landscape), mixed-mode of
reproduction, and high rates of gene flow. Approximately 23.2% of the C. janseana genome
consists of repetitive elements, implying the presence of active transposable elements that could
quickly disrupt genes involved in interactions with host resistance genes. We also demonstrated
that C. janseana has the potential for sexual recombination, but still relies on asexual conidia for
mass dispersal in the field. A mixed-mode of reproduction creates a rich distribution of
genotypes through sexual reproduction, followed by an increased frequency of more fit (i.e.
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virulent) genotypes through asexual reproduction. Finally, there also appears to be potential for
long distance dispersal and gene flow among C. janseana populations. Taken together, our
results indicate that C. janseana fits these criteria and has the evolutionary potential to rapidly
defeat host resistance genes.
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